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Abstract 

The main objectives of this chapter are to evaluate the performances of 

different image fusion techniques for the enhancement of spectral and textural 

variations of different forest types and toapply arefined maximum likelihood 

classifier for the extraction of forest class informationfrom the fused images in 

order to update a forest geographical information system (GIS). For the data 

fusion, modified intensity-hue-saturation (IHS) transformation, principal 

components analysis (PCA) method, Gram-Schmidt fusion, color normalization 

spectral sharpening, wavelet-based method, and Ehlers fusion are used and the 

results are compared. Of these methods, the better results are obtained through 

the use of the modifiedIHS transformation, PCA and wavelet-based fusion. The 

refined classification method uses spatial thresholds defined from contextual 

knowledge and different features obtained through a feature derivation process. 

The result of the refined classification is compared with the results of a standard 

method and it demonstrates a higher accuracy. Overall, the research indicates that 

multisource data fusion can significantly improve the interpretation and 
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classification of forest types and the elaborated refined classification method is a 

powerful tool to increase classification accuracy. 

Introduction 

Forest is a very important natural resource that plays a significant role in keeping 

an environmental stability, ecological balance, environmental conservation, food 

security and sustainable development in both developed and developing 

countries[1]. In recent years, deforestation and forestland degradation have 

become the main concern for forest specialists and ecologists as well as policy 

and decision-makers dealing with the environment [2,3]. It has been found that 

much of the existing forests have been destroyed, mainly by shifting cultivation, 

timber preparation, legal and illegal logging, forest fires and increased number of 

people involved in agricultural activities [4,5,6,7]. To protect and conserve the 

deteriorating forest, it is vitally important for forest planners to have an updated 

forest map, integrate it with other thematic layers of a GIS and conduct 

sophisticated analysis. 

In recent years, integrated approaches of optical and synthetic aperture radar 

(SAR) images have been increasingly used for forest mapping and analysis 

[8,9,10,11,12]. The combined application of optical and SAR data sets can 

provide unique information for different forest studies because passive sensor 

images will represent spectral variations of the top layer of the forest classes, 

whereas microwave data, with its penetrating capabilities, can provide some 

additional information about forest canopy. It is clear that the integrated use of the 

optical and microwave data sets can significantly improve forest class 

interpretation and analysis, because a specific forest type which is not seen on the 

passive sensor image may be observable on the microwave image and vice versa 

because of the complementary information provided by the two sources [13]. 

One of the prominent methods to combine remote sensing (RS) data from 

multiple sources is image fusion. Image fusion techniques usuallyattempt to 

combine images with different spectral and spatial resolutions and increase 

detailed information in the hybrid product produced by the fusion process 

[14,15,16]. Over the years, different fusion methods have been developed for 

improving spectral and spatial resolutionsof RS data sets. The techniques most 

encountered in the literature are the modified IHS transform, the Brovey 

transform, the PCA method, the Gram-Schmidt method, the local mean matching 

method, the local mean and variance matching method, the least square fusion 

method, the color normalization spectral sharpening, the wavelet-based fusion, the 
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multiplicative method and the Ehlers fusion [17,18,19]. Most image fusion 

applications use modified approaches or combinations of these methods. 

Traditionally, multispectral RS data sets have been extensively used for forest 

mapping and, for this purpose, diverse classification methods have been applied. 

The traditional methods mainly involved supervised and unsupervised methods 

and hence, a great number of techniques have been developed [20]. Unlike single-

source optical data, data sets from multiple sources have proved to offer better 

potential for discriminating between different forest cover types. Many authors 

have assessed the potential of multisource images for the classification of 

different forest classes [21,22,23,24,25]. In RS applications, the most widely used 

multisource classification techniques are parametric methods, neural networks, 

decision tree classifier, Dempster–Shafer theory of evidence, and knowledge-

based methods [26]. 

The aims of this chapter are(a) to investigate and evaluate different image 

fusion techniques for the enhancement of spectral and textural variations of 

different forest types, later to be used for training sample selection, and (b) to 

apply arefined maximum likelihood classifier for the extraction of forest class 

informationfrom the fused images in order to update a forest GIS. The selected 

fusion techniques are themodifiedIHS transformation, the PCA method, the 

Gram-Schmidt fusion, the color normalization spectral sharpening, the wavelet-

based method, and the Ehlers fusion. For the refined classification, spatial 

thresholds defined from the contextual knowledge were applied. For the analysis, 

optical and SAR images with different spatial resolutions as well as some GIS 

data of the forest area in Mongolia wereused. 

Study Area and Data Sources 

As a test site, Bogdkhan Mountain situated in central part of Mongolia, near the 

Ulaanbaatar city has been selected. It is a strictly protected area and one of the 

world’s oldest officially and continuously protected sites. Officially declared a 

sacred mountain reserve in 1778, evidence of its protected status dates back to the 

13th century. Because of its universal natural or cultural significance, the 

mountain was added to the UNESCO World Heritage Tentative List on August 6, 

1996 [27].Within the vicinity of this region, the cutting of trees, polluting rivers, 

hunting of wild animals or digging of the land are severely prohibited. 

The mountain has a territory of 41651ha, of which 55% is covered by forest. 

The entire massif extends about 32km from the East to the West and 16 km from 

the North to the South. It has 588 species of high plants, which are related to 256 
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genuses of 70 families. The 135 species such as carex, artemisa, oxytropis that 

relate to 11 main genuses comprise 22.9% of all species distributed on the 

mountain. Forest is distributed on the altitude range of 1400m (1450m)- 2100m 

(2150m) above sea level and consists of 3 sub zones such as mountain plateau, 

taiga and taiga type. Cedar and larch dominate the forest cover but pine, birch, 

spruce and poplar also occur [8]. 

 

 

Figure 1. Landsat TM image of the Bogdkhan Mountain (R=band3, G=band4, B=band2). 

The size of the displayed area is about 28.2km x 20.0km. 

The data used consisted of Landsat TM data from 31 July 2010 and Envisat 

SAR imageacquired on 25 March2010. The Landsat TM data have seven 

multispectral bands (B1: 0.45–0.52μm, B2: 0.52–0.60μm, B3: 0.63–0.69μm, B4: 

0.76–0.90μm, B5: 1.55–1.75μm, B6: 10.40–12.50μm and B7: 2.08–2.35μm). The 

spatial resolution is 30 m for the reflective bands, while it is 120 m for the thermal 

band. In the current study, channels 2,3,4,5 and 7 have been used. The Envisat is a 

European Earth-observing satellite carrying a cloud-piercing, all-weather free 

polarimetric radar, which is designed to monitor the Earth from a distance of 

about 790km. In the present study, a C-band (i.e.5.36GHz) HH polarization image 

has been selected. In addition, a topographic map from 1969, scale 1:50,000 and a 

forest taxonomy map (made by the combined use of an aerial photograph from 

1963 and ground survey from 1988), scale 1:100,000 were available, accordingly. 
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Figure 1 shows the study area in a Landsat TM image of 2010 and some examples 

of its forest cover. 

Georeferencing of Multisource Images 

In order to perform accurate data fusion, both high geometric accuracy and good 

geometric correlation between the images are needed. Initially, the Envisat image 

was rectified to the coordinates of the Landsat TMimage using 11 more regularly 

distributed ground control points (GCP)s defined from topographic and forest 

taxonomy maps of the study area. The GCPs have been selected on clearly 

delineated sites such as morphological structures, forest areas and roads. For the 

transformation, a second-order transformation and nearest-neighbour resampling 

approach were applied and the related root mean square (RMS) error was 0.526 

pixels. The original and predicted coordinates as well as error values in both x and 

y directions are shown in Table 1. As seen from the Table 1, for each of the 

selected GCP, the RMS error is lower than 0.9 pixels. It indicates that there is a 

good geometric correspondence between the two images. 

Table 1. The selected GCPs and total RMS error 

No Base X Base Y Warp X Warp Y Predict X Predict Y Error X Error Y RMS 

1 4985.25 2652.75 2304.50 2068.50 2304.52 2068.51 0.021 0.011 0.0239 

2 4046.00 1846.75 843.00 1151.00 842.82 1151.34 -0.174 0.349 0.3904 

3 4070.50 1974.75 899.75 1320.25 899.43 1319.78 -0.313 -0.462 0.5584 

4 4195.00 2472.25 1188.00 1978.00 1187.91 1977.95 -0.089 -0.041 0.0986 

5 4660.00 1928.00 1704.00 1144.00 1704.02 1143.90 0.020 -0.091 0.0941 

6 4535.25 2756.00 1706.00 2300.00 1705.99 2299.98 -0.007 -0.014 0.0168 

7 4902.00 2348.00 2136.00 1669.00 2135.81 1668.88 -0.182 -0.115 0.2155 

8 3888.00 2139.50 684.00 1584.00 684.20 1584.14 0.200 0.144 0.2474 

9 4210.00 1790.50 1056.75 1042.00 1057.65 1041.27 0.900 -0.728 1.1582 

10 4277.00 1799.00 1151.25 1038.75 1150.56 1039.45 -0.682 0.708 0.9840 

11 4668.50 2288.75 1795.00 1630.75 1795.30 1630.98 0.302 0.235 0.3836 

Total RMS Error: 0.526. 

 

After the first co-registration of the coordinates, the combined Envisat SAR 

and Landsat TM images have been georeferenced to a UTM map projection using 

the topographic map of the study area. For the projection parameters, Zone 48N 

and WGS84 Datum were used. The GCPs have been selected on clearly 

delineated sites and, in total, 9 randomly distributed points were chosen. For the 

actual transformation, a second-order transformation was used. As a resampling 
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technique, the nearest-neighbour resampling method was applied and the related 

RMS error was 0.35 pixels. 

Speckle Suppression of the SAR Image and Derivation  

of the Texture Features 

As the microwave images have a granular appearance, due to the speckle formed 

as a result of the coherent radiation used for radar systems, the reduction of the 

speckle is a very important step in further analysis. The analysis of the radar 

images must be based on the techniques that remove the speckle effects while 

considering the intrinsic texture of the image frame [28,29]. In this study, five 

different Speckle suppression techniques such as lee, local region, frost, kuan and 

gammamap filters [30] of 3x3 and 5x5 sizes were compared in terms of 

delineation of forested areas and texture information. After visual inspection of 

each image, it was found that the 3x3 gammamap filter created the best image in 

terms of delineation of different features as well as preserving content of texture 

information. In the output image, speckle noise was reduced with very low 

degradation of the textural information. Comparison of the selected and other 

SAR images is shown in figure 2. 

In RS image analysis, texture is usually applicable to radar data. The ability to 

use radar data to detect texture and provide topographic information is a major 

advantage over other types of imagery [30]. To derive texture images, occurrence 

and co-occurrence measures (using 9x9 and 11x11 window sizes) were applied to 

the SAR image. The occurrence measures use the number of occurrences of each 

grey level within the processing window for the texture calculations, while the co-

occurrence measures use a grey-tone spatial dependence matrix to calculate 

texture values [31]. By applying these measures, initially 20 features have been 

obtained, but after thorough checking of each individual feature, only 3features 

including the resultsof11x11 skewness, 9x9 contrast and 9x9 correlation filters 

were selected. 

The skewness can be mathematically defined as the averaged cubed deviation 

from the mean divided by the standard deviation cubed. The contrast measure 

indicates how most elements do not lie on the main diagonal, whereas, the 

correlation measure is used to compare the similarity of two input signals as they 

are shifted by one another. The texture features can be used in several ways to 

increase the use of a SAR image. For example, adding the texturally enhanced 

radar image as an additional feature to the original data set should be useful for 

increasing the accuracy in a forest classification. Figure 3 shows the results of the 
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skewness, contrast and correlation filters combined in a RGB (red, green and 

blue) domain. 

 

 

Figure 2. Comparison of the SAR images: (a) the original SAR image; (b) the image 

obtained by a 3x3 lee filter;(c) the image obtained by a 3x3 local region filter; (d) the 

image obtained by a 3x3 frost filter; (e) the image obtained by a 3x3 kuan filter; and (f) the 

image obtained by a 3x3 gammamap filter. 
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Figure 3. A colour image created by the texture filters (R=result of the contrast filter. 

G=result of the correlation filter, B=result of the skewness filter). 

Image Fusion Methods 

The image fusion refers to a process that integrates different images from different 

sources to obtain more information, considering a minimum loss or distortion of the 

original data. In other words, the image fusion is the integration of different digital 

images in order to create a new image and obtain more information than can be 

derived separately from any of them [16,32,33]. In the case of the present study, the 

SAR image provides some information about forest canopy due to radar’s 

penetrating capabilities, while the TM image provides the information about the 

spectral variations of different forest classes. Over the years, different data fusion 

techniques have been developed and applied, individually and in combination, 

providing users and decision-makers with various levels of information. Generally, 

image fusion can be performed at four different stages: signal level, pixel level, 

feature level, and decision level [34]. In this study, data fusion has been performed 

at a pixel level and the following techniques were compared: (a) modifiedIHS 

transformation, (b) PCA method, (c) Gram-Schmidt fusion, (d) color normalization 

spectral sharpening, (e) wavelet-based method, (f) Ehlers fusion. Each of these 

techniques is briefly discussed below. 
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Modified IHS transformation: This method has a vast improvement over the 

traditional IHS for fusing satellite imagery; differing noticeably in spectral 

response. It allows combination of single-band panchromatic data with 

multispectral data, resulting in an output with both excellent detail and a realistic 

representation of original multispectral scene colors. In general, the HIS 

transformation separates spatial (intensity) and spectral (hue and saturation) 

information from a standard RGB image. The intensity refers to the total 

brightness of the image, hue to the dominant or average wavelength of the light 

contributing to the color and saturation to the purity of color. To fuse the images, 

three bands of a multichannel image are transformed from the RGB domain into 

the IHS color space. The panchromatic component is matched to the intensity of 

the IHS image and then replaces the intensity component. The modified IHS 

method is designed to produce an output that approximates the spectral 

characteristics of the input multispectral bands while preserving the spatial 

integrity of the panchromatic data. The technique works by assessing the spectral 

overlap between each multispectral band and the high resolution panchromatic 

band and weighting the merge based on these relative wavelengths [35]. 

PCA method: In RS image analysis, the PCA is usually considered as a data 

compression technique used to reduce the dimensionality of the multiband 

datasets [36]. It is also helpful for image encoding, enhancement, change 

detection and multitemporal dimensionality [32]. When the PCA is performed, the 

axes of the spectral space are rotated, changing the coordinates of each pixel in 

spectral space. The new axes are parallel to the axes of the ellipse. The length and 

direction of the widest transect of the ellipse are calculated using a matrix algebra. 

The transect, which corresponds to the major axis of the ellipse, is called the first 

principal component of the data. The direction of the first principal component is 

the first eigenvector, and its length is the first eigenvalue. A new axis of the 

spectral space is defined by this first principal component. The second principal 

component is the widest transect of the ellipse that is perpendicular to the first 

principal component. As such, the second principal component describes the 

largest amount of variance in the data that is not already described by the first 

principal component. In n dimensions, there are n principal components. Each 

successive principal component is the widest transect of the ellipse that is 

orthogonal to the previous components in the n-dimensional space and accounts 

for a decreasing amount of the variation in the data which is not already accounted 

for by previous principal components [30]. 
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Gram-Schmidt fusion: This fusion technique transforms a set of 

multidimensional features into a new set of orthogonal and linear independent 

features. By averaging the multispectral bands, the method simulates a low 

resolution panchromatic band. As the next step, theGram-Schmidt transform is 

performed for the simulated panchromatic band and the multispectral bands with 

the simulated panchromatic band applied as the first band. Then the high spatial 

resolution panchromatic band replaces the first component [37]. Finally, an 

inverse transform is applied to create the spatially and spectrally enhanced 

multispectral bands. 

Color normalization spectral sharpening: This is an extension of the color 

normalized algorithm. The input image bands are grouped into spectral segments 

defined by the spectral range of the panchromatic image. The corresponding band 

segments are processed in the manner that each input band is multiplied by the 

sharpening band and then normalized by dividing it by the sum of the input bands 

in the segment. Bands outside the spectral range of the panchromatic image are 

not sharpened [38]. Unlike many other sharpening techniques, this method can be 

used to simultaneously sharpen any number of bands and retain the input image’s 

original data type and dynamic range. 

Wavelet-based fusion: The wavelet transform decomposes the signal based on 

elementary functions, that is, the wavelets. By using this, an image is decomposed 

into a set of multi-resolution images with wavelet coefficients. For each level, the 

coefficients contain spatial differences between two successive resolution levels. 

In general, a wavelet-based image fusion can be performed either by replacing 

some wavelet coefficients of the low-resolution image with the corresponding 

coefficients of the high-resolution image or by adding high-resolution coefficients 

to the low-resolution data [39]. In the current study, the first approach, which is 

based on bi-orthogonal transforms, has been applied. 

Ehlers fusion: This method is based on an IHS transform coupled with a 

Fourier domain filtering and it is extended to include more than 3 bands by using 

multiple IHS transforms until the number of bands is exhausted. A subsequent 

Fourier transform of the intensity component and the panchromatic image allows an 

adaptive filter design in the frequency domain. Using fast Fourier transform 

techniques, enhancement or suppression of the spatial components can be directly 

accessed. The intensity spectrum is filtered with a low pass filter whereas the 

panchromatic spectrum is filtered with an inverse high pass filter. After filtering, the 

images are transformed back into the spatial domain with an inverse fast Fourier 

transform and added together to form a fused intensity component with the low-

frequency information from the low resolution multispectral image and the high-

frequency information from the high resolution image. This new intensity 

Complimentary Contributor Copy



Fusion and Classification of Multisource Images ... 93 

component, the original hue, and the saturation components of the multispectral 

image form a new IHS image. As the last step, an inverse IHS transformation 

produces a fused RGB image. These steps can be repeated with successive 3-band 

selections until all bands are fused with the panchromatic band [40]. 

Interpretation and Comparison of the Fused Images 

Initially, the aforementioned fusion techniques have been applied to the combined 

Landsat TM, Envisat SAR and texture images. In all cases, the SAR image was 

considered as a high resolution band. In order to obtain good colour images that 

can illustrate spectral and spatial variations of the available forest classes on the 

selected multisource image, all the fused images have been visually inspected and 

compared.  

Table 2. Principal component coefficients from TM, SAR  

and texture images 

Bands PC1 PC2 PC3 PC4 PC5 PC6 PC7 PC8 PC9 

TM2 0.091 -0.071 0.129 0.001 0.081 -0.001 -0.464 0.305 0.808 

TM3 0.162 -0.12 0.222 -0.001 0.230 0.008 -0.675 0.263 -0.575 

TM4 0.040 -0.038 0.100 0.023 -0.914 -0.001 -0.319 -0.218 -0.032 

TM5 0.417 -0.285 0.576 0.025 -0.162 0.083 0.467 0.398 -0.030 

TM7 0.282 -0.196 0.385 0.006 0.276 0.077 -0.081 -0.794 0.114 

SAR -0.799 -0.015 0.579 0.123 0.027 -0.097 0.010 0.001 -0.001 

Contrast_F -0.228 -0.915 -0.303 -0.109 -0.010 0.076 0.007 0.001 -0.001 

Correlation_F 0.118 -0.107 0.002 -0.042 0.007 -0.985 0.0284 -0.027 0.001 

Skewness_F 0.066 -0.095 -0.126 0.984 0.019 -0.024 -0.003 -0.001 -0.001 

Eigenvalues 3392.8 2520.2 895.3 208.7 100.1 72.3 23.3 3.7 0.6 

Variance (%) 47.00 34.92 12.40 2.89 1.38 1.00 0.32 0.08 0.01 

 

In the case of the modifiedIHS transformation method, the fused image 

(Figure 4a) demonstrated a better result compared to some other combinations, 

because beside the improved textural enhancement, the image has good spectral 

separations among some coniferous and deciduous forests. However, on the image 

it was not easy to perceive the separations between spruce and cedar forests. 
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Figure 4. Comparison of the fused multisource images: (a) the image obtained by modified 

IHS transformation; (b) the PC image (red=PC1, green=PC3; blue=PC5); (c) the image 

obtained by Gram-Schmidt fusion; (d) the image obtained bycolor normalization spectral 

sharpening; (e)the image obtained by wavelet-based method; and(f) the image obtained by 

Elhers fusion. 

PCA has been applied to all selected images and the result of the final 

analysis is shown in table 2. As can be seen from table 2, the Envisat HH 

polarisation image has a high negative loading in PC1 which contains 47% of the 
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overall variance. This means that the PC1 is dominated by the characteristics of 

the SAR image. Although, PC2 contained 34.92% of the overall variance and had 

a very high negative loading of the result of the contrast filter, visual inspection 

revealed that it contained less information related to the available forest classes. In 

PC3 that contains 12.4% of the overall variance, the middle infrared band of TM 

and SAR image have moderately high loadings. Compared to the PC2, on this 

image, it was possible to see some tonal variations of different forest classes. It 

was seen that the PC4 dominated by the result of theskewness filter had no useful 

information. However, visual inspection of PC5 that contained only 1.38 % of the 

overall variance, in which near infrared band of TM had a very high negative 

loading, revealed that this feature contained useful information related to the tonal 

variations as well as textural characteristics of different forest classes. The PC6 

and PC7 dominated by the negative characteristics of thecorrelation filter and 

visible bands had some useful information. The inspection of the remaining PCs 

indicated that they contained noise from the total data set. The PC image created 

by the combinations of PC1, PC3 and PC5 is shown in figure 4b. As seen from 

the PC image, though the image cannot show clear textural features, it could well 

illustrate the colour variations of different classes, specifically among larch, cedar, 

birch and spruce forests. 

In the cases of the Gram-Schmidt fusion and color normalization spectral 

sharpening, the results are worse than the images created by other fusion 

techniques. As seen from the results shown in Figure 4c,d, these images are 

dominated by the characteristics of the SAR image. It is possible to observe only 

some separations of the larch forest, and other forest types are almost not 

distinguishable on these images. In the case of the wavelet-based fusion, the 

integrated image (Figure 4e) demonstrated a better result compared to the results 

of the Gram-Schmidt fusion and color normalization spectral sharpening. On this 

image, larch, cedar, pine and spruce forest types could be distinguished by their 

spectral properties. Additionally, it could be seen that the image illustrates good 

textural differentiation between different forest types. In the case of the Ehlers 

fusion, the fused image (Figure 3f) demonstrated a better result compared to some 

other combinations, but it had a blurred appearance due to speckle noise. 

However, on this image it is possible to observe some spectral separations among 

larch, cedar, spruce and pine forests. Figure 4 shows the comparison of the images 

obtained by the selected fusion methods. 
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Evaluation of Features and Standard Classification 

At the beginning, in order to define the sites for the training signature selection, 

from the multisensor images, several areas of interest (AOI)s representing the 

selected forest classes (i.e., larch, cedar, pine, birch and spruce) have been 

selected through thorough analysis using a polygon-based approach. For the 

selection of the sites of training samples, the images obtained by the modifiedIHS 

transformation, PCA and wavelet-based method have been compared. The 

separability of the training signatures was first checked in feature space. If the 

signatures are overlapped in feature space, then they are not separable (Figure 5a). 

If they are separable, there is no overlap between the signatures (Figure 5b). After 

checking the signatures in feature space, they were evaluated using Jeffries–

Matusita distance. The values of Jeffries–Matusita distance range from 0 to 2.0 

and indicate how well the selected pairs are statistically separate. The values 

greater than 1.9 indicate that the pairs have good separability [30]. After the 

investigation, the samples that demonstrated the greatest separability were chosen 

to form the final signatures. The final signatures included 3923 pixels for larch 

forest, 2535 pixels for cedar forest, 124 pixels for pine forest, 802 pixels for 

spruce forest and 320 pixels for birch forest. As seen from the separabilities 

measured by Jeffries–Matusita distance (Table 3), the available forest classes have 

high statistical overlaps. 

Table 3. The separabilities measured by Jeffries–Matusita distance 

 Birch Larch Pine Spruce Cedar 

Birch 0.000 1.600 1.856 1.980 1.975 

Larch 1.600 0.000 1.594 1.698 1.697 

Pine 1.856 1.594 0.000 1.446 1.507 

Spruce 1.980 1.698 1.446 0.000 1.235 

Cedar 1.975 1.697 1.507 1.235 0.000 

 

In many cases, forest types have similar spectral characteristics and it is not 

easy to separate them by the use of ordinary feature combinations or fusing 

techniques. For the successful extraction of the forest classes, reliable features 

derived from multiple sources should be used. In the case of the present study, 

texture features might be considered as additional sources. For the classification, 

the following feature combinations were used: 

 

 

Complimentary Contributor Copy



Fusion and Classification of Multisource Images ... 97 

The original five spectral bands of the Landsat TM data. 

The green, red, near infrared and middle infrared (2-5) bands of the Landsat 

TM data. 

The HH polarization component of Envisat SAR and original five spectral 

bands of the Landsat TM data. 

The PC1, PC2 and PC3 of the PCA. 

The PC1, PC2, PC3, PC4 and PC5 of the PCA. 

The PC1, PC2, PC3, PC4, PC5, PC6 and PC7 of the PCA. 

Multiple bands including the original Envisat SAR and Landsat TM data as 

well as three texture images. 

Fuzzy convolution applied to the classification result of the multiple bands 

that include the original SAR, Landsat TM and three texture images. 

 

 

Figure 5. Comparison of the overlapped (a) and unoverlapped (b) signatures. 

For the actual classification, a supervised statistical maximum likelihood 

classification (MLC) has been used assuming that the training samples have the 

Gaussian distribution. The basis of a maximum likelihood classification (MLC) 

are the actual frequencies of co-occurrence (Freq(Ci,x)) between class (Ci) and an 

observation vector (x). In the case of multidimensional RS data, we assume that 

each observation x (pixel) consists of a set of measurements on N variables 

(features) [28]. The decision rule, assuming Bayes' rule, can be written as follows: 

 

 P(Ci|x) = P(x|Ci) P(Ci)/P(x) (1) 
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P(x|Ci) is approximated by a multivariate normal probability density function 

and it is scaled by a priori probability (P(Ci)). This function has as parameters a 

mean vector (mi) and covariance matrix (Σi) for each class (Ci). These parameters 

have to be estimated on the basis of a training set or clusters. The formula for the 

approximation is expressed as follows: 

 

  (2) 

 

P(Ci) is defined by the user's prior knowledge about the area. 

P(x) is the probability of finding a pixel from any class and expressed as: 

 

  (3) 

 

The actual classification is performed according to P(Ci|x) > P(Cj|x) for all j i. 

However, P(x) is common to all classes and is usually dropped from the 

actual classification. In this case, for the classification, the following discriminant 

function is used: 

 

  (4) 

 

In many cases, the users assume that the classes have equal prior probabilities. 

In this case, P(Ci) can also be dropped and the discriminant function can be written 

as follows: 

 

  (5) 

 

and the classification is performed according to gi(x)>gj(x) for all j i. 

The rule has the maximum benefit of correct classification; that is,a pixel 

classified by this method has the maximum probability of correct assignment. 

Therefore, the method is considered as one of the most efficient methods for 

statistical pattern recognition [41]. 

For the accuracy assessment, the overall performance has been used. This 

approach creates a confusion matrix in which reference pixels are compared with 

the classified pixels and as a result an accuracy report is generated indicating the 

percentages of the overall accuracy [42]. Forground truth information, different 
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regions containing purest pixels have been selected. The regions were selected on 

a principle that there were more available pixels to be selected for the evaluation 

of the larger classes, such as larch and cedar forests, than the smaller classes such 

as pine and birch forests. 

Classification Result Using Original Five Spectral Bands 

The MLC of the Bogdkhan Mountain has been performed using the original five 

spectral bands of the Landsat TM data.  

Table 4. The overall classification accuracy of the classified image 

 Birch Larch Pine Spruce Cedar 

Birch 201 813 2 0 2 

Larch 16 4328 17 26 42 

Pine 8 573 52 33 112 

Spruce 0 147 2 594 246 

Cedar 0 38 51 146 2122 

Overall Accuracy = (7297/9571) 76.24%. 

 

 

Figure 6. Classification result using original five spectral bands. 
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The decision-rule used the signatures defined from the signature evaluation 

process (i.e., 3923 pixels for larch forest, 2535 pixels for cedar forest, 124 pixels 

for pine forest, 802 pixels for spruce forest and 320 pixels for birch forest) and 

assumed that the selected classes have equal prior probabilities. The final 

classified image is shown in Figure 6. The overall classification accuracy for the 

selected classes is shown in Table 4. Asseen from the classification result, the 

accuracy of the MLC is not high (i.e., 76.24%) and there are high mixtures among 

birch, larch, cedar and spruce forests. 

Classification Result Using Green, Red, Near Infrared and First 

Middle Infrared Bands  

The classification of the test area has been made using the green, red, near 

infrared and first middle infrared bands of the Landsat TM data. The decision-rule 

used the same signatures defined from the signature evaluation process and the 

same assumption of equal prior probabilities. The final classified image is shown 

in Figure 7. As seen from the classified image, the result is very similar to the 

result obtained by the use of the original five spectral bands. 

 

 

Figure 7. Classification result using four spectral bands. 
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Table 5. The overall classification accuracy of the classified image 

 Birch Larch Pine Spruce Cedar 

Birch 200 811 4 0 3 

Larch 15 4335 14 30 46 

Pine 10 563 49 31 49 

Spruce 0 163 3 592 252 

Cedar 0 30 54 145 2177 

Overall accuracy = (7353/9576)76.78%. 

 

The overall classification accuracy for the selected five forest classes is 

shown in Table 5. It has been evaluated using the same set of regions containing 

the purest pixels as in the previous classification, and it demonstrated an overall 

accuracy of 76.78%.As could be seen from the confusion matrix shown in Table 

5, the performance of the MLC is better than the previous case and it has a tiny 

improvement. In many cases, users and analysts expect that the addition of more 

spectral bands would increase the classification accuracy. However, the current 

study indicates that it is not always true. This is due to a fact that the inclusion of 

more bands may result in a signature overlap in multidimensional feature space. 

Therefore, in some cases it is desirable to select a few less-correlated bands. 

Classification Result Using SAR and Original Five Spectral Bands 

The MLC of the test site has been performed using the HH polarization component 

of Envisat SAR and original five spectral bands of the Landsat TM data. 

Table 6. The overall classification accuracy of the classified image 

 Birch Larch Pine Spruce Cedar 

Birch 206 762 2 0 2 

Larch 11 4413 6 23 59 

Pine 7 551 79 29 127 

Spruce 0 134 5 564 179 

Cedar 1 48 32 184 2163 

Overall Accuracy = (7425/9587) 77.45%. 

 

The result of the classification is shown in Figure 8. As seen from the 

classified image, the result looks similar to the results obtained by the use of 

original Landsat TM bands. However, the confusion matrix (Table 6) indicated an 
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overall accuracy of 77.45%. This means that the combined use of optical and 

microwave data sets produced a better result than the single source image, but the 

result is still insufficient. 

 

 

Figure 8. Classification result using SAR and five spectral bands. 

 

Figure 9. Classification result using the first three PCs. 
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Classification Result Using the First Three PCs 

As it was seen from Table 2, the PC1, PC2 and PC3 of the PCA included 94.32% 

of the overall variance.  

 

 

Figure 10. Classification result using the first five PCs. 

Table 7. The overall classification accuracy of the classified image 

 Birch Larch Pine Spruce Cedar 

Birch 183 2053 13 32 7 

Larch 26 3145 15 51 74 

Pine 11 480 51 116 67 

Spruce 4 104 9 162 100 

Cedar 1 114 36 433 2286 

Overall Accuracy = (5827/9573) 60.86%. 

 

In many PC-based image analysis, the selection of the first three PCs may be 

sufficient, if their overall variance exceeds 95%. In the case of the present study, 

as the overall variance almost reached that level, the PC1, PC2 and PC3 were 

classified using the MLC. Figure 9 shows the result of the classification and Table 
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7 indicates the overall accuracy. As seen from the results, the MLC of the first 

three PCs gives the worst result, because there are different mixtures among all 

classes. Specifically, there are high mixtures among the birch, larch and spruce 

forests. Also, many pixels belonging to the pine forest have been misclassified. 

This indicates that it is not necessary for the first three PCs to produce an 

improved classification result. 

Table 8. The overall classification accuracy of the classified image 

 Birch Larch Pine Spruce Cedar 

Birch 204 1013 6 2 2 

Larch 17 4133 15 29 42 

Pine 1 546 66 17 135 

Spruce 0 173 4 540 162 

Cedar 3 46 33 211 2191 

Overall Accuracy =(7134/9591) 74.38%. 

 

 

Figure 11. Classification result using the first seven PCs. 
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Classification Result Using the First FivePCs 

As could be seen from Table 2, thePC1, PC2, PC3, PC4 and PC5 of the PCA 

included 98.59% of the overall variance. The result of the classification is shown 

in Figure 10 and the overall accuracy is illustrated in Table 8. As seen from the 

results, there is a significant improvement in the classification performance. For 

example, there are reduced mixtures among the forest classes compared to the 

case of the first three PCs. The PCA indicated that there was addition of only 

4.27% in the overall variance, but the substantial improvement occurred in the 

classification accuracy. 

Classification Result Using the First Seven PCs 

As could be seen from Table 2, the first seven PCs included 99.91%of the overall 

variance (i.e., it exceeds the overall variance of the first five PCs by only 1.32%). 

Table 9. The overall classification accuracy of the classified image 

 Birch Larch Pine Spruce Cedar 

Birch 206 488 1 0 0 

Larch 17 4708 6 30 54 

Pine 0 489 89 20 208 

Spruce 0 179 3 563 128 

Cedar 2 44 25 186 2143 

Overall Accuracy = (7709/9589)80.39%. 

 

The chosen PCs have been classified using the MLC and the result is shown 

in Figure 11. The confusion matrix (Table 9) indicated an overall accuracy of 

80.39%, indicating an improvement occurred in the classification performance 

compared to the previously classified PC images. As could be seen from the PCA, 

the first five PCs weredominated by different characteristics of the near infrared, 

middle infrared, SAR and two texture features and their classification accuracy 

was not high enough. This was due to a fact that these bands composed of 

different features with a variety of different characteristics could not create 

orthogonal features in a multidimensional feature space. When the PC6 and PC7, 

dominated by the negative characteristics of the correlation filter and visible 

bands of the Landsat TM, have been added to the first five PCs, the overall 

classification accuracy was increased by 6.01%. This means that some useful 

information might be included in the last PCs that contain a negligible part of the 
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overall variance. In the present study, due to the addition of the PC6 and PC7  

(i.e., the overall variance has been increased by only 1.32%), the classification 

accuracy was increased from 74.38% to 80.39%. 

Classification Result Using Original SAR, Landsat TM and Three 

Texture Images 

In most cases, for the successful classification of the statistically overlapping 

classes, reliable additionalfeatures derived from multiple sources should be used 

in a decision-making process. In the current study, the texture images derived 

from the original SAR band, could be considered such additional features. The 

classification of the Bogdkhan Mountain has been performed using all 9 bands. 

The result of the MLC is shown in Figure 12 and the overallclassification 

accuracy is illustrated in Table 10. 

 

 

Figure 12. Classification result using multiple bands. 

The classification results indicated that some improvements occurred in the 

overall accuracy of the MLC compared to the classification result of the first 

seven PCs. For example, in the case of the first seven PCs (Table 9), 488 pixels 

belonging to the larch forest and 208 pixels of the cedar forest have been 

classified as birch and pine forests, while in the classification of multiple bands 
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(Table 10) 352 and 154 pixels of the same forest classes were misclassified as the 

birch and pine forests. Likewise, 489 pixels of the larch forest of the classified PC 

image have been misclassified as pine forest, whereas 275 pixels of the same class 

were classified as the pine forest. 

As seen from the comparison of the classified images, the overall accuracies 

could be improved by adding some orthogonal features to the original data. In the 

case of the present study, the texture features played a role of the orthogonal 

features and made the selected signatures of classes more separable in a 

multidimensional feature space. 

Table 10. The overall classification accuracy of the classified image 

 Birch Larch Pine Spruce Cedar 

Birch 214 352 1 0 0 

Larch 9 5126 3 19 65 

Pine 1 275 97 17 154 

Spruce 0 116 2 581 130 

Cedar 1 37 21 182 2184 

Overall Accuracy = (8202/9587) 85.55%. 

Table 11. The overall classification accuracy of the classified image 

 Birch Larch Pine Spruce Cedar 

Birch 223 197 0 0 0 

Larch 2 5496 0 15 32 

Pine 0 141 103 9 142 

Spruce 0 68 1 582 151 

Cedar 0 4 20 193 2208 

Overall Accuracy = (8612/9587) 89.83%. 

Classification Result Using Fuzzy Convolution 

In some cases, to increase the reliability of the classification of the initially 

classified images, fuzzy convolutions of different sizes can be applied. The fuzzy 

convolution creates a thematic layer by calculating the total weighted inverse 

distance of all the classes in a determined window of pixels and assigning the 

central pixel the class with the largest total inverse distance summed over the 

entire set of fuzzy classification layers, i.e., classes with a very small distance 

value will remain unchanged while the classes with higher distance values might 

change to a neighboring value if there are a sufficient number of neighboring 

pixels with class values and small corresponding distance values [30].In this 
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study, a fuzzy convolution with a 3x3 size window has been applied to the 

classification result of the multiple bands. 

 

 

Figure 13. Classification result using fuzzy convolution. 

The classified image is shown in Figure 13. The initial visual inspection of 

the fuzzy convolved image indicated that there are some improvements on the 

borders of the neighboring classes that influence the separation of the decision 

boundaries. The confusion matrix (Table 11) indicated an overall classification 

accuracy of89.83%. It is seen that the classification accuracy can be improved by 

the use of fuzzy convolution. As could be seen from the overall classification 

results, although the combined use of optical, SAR and texture features produced 

a better result, it is still very difficult to obtain a reliable forest map by the use of 

the standard technique. 

The Refined Classification Method 

For several decades, single-source multispectral data sets have been effectively 

used for forest mapping. Unlike single-source data, multisource data sets have 

proved to offer better potential for discriminating between different forest classes. 
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Generally, it is very important to design a suitable image processing procedure in 

order to successfully classify any RS data into a number of class labels. The 

effective use of different features derived from multiple sources and the selection 

of a reliable classification technique can be a key significance for the 

improvement of classification accuracy [43]. In this study, for the classification of 

forest classes, a refined MLC algorithm has been constructed. As the features, the 

multiple bands that include the original optical and SAR as well as three texture 

images have been used. 

 

 

Figure 14. Classification result using the refined classification. 

Unlike the traditional MLC, the constructed classification algorithm uses spatial 

thresholds defined from the contextual knowledge. The contextual knowledge is 

based on the spectral and textural variations of the available forest classes in 

different parts of the fused images and the thresholds are applied to separate the 

statistically overlapping classes. It is clear that a spectral classifier will be 

ineffective if applied to the statistically overlapping classes because they have very 

similar spectral characteristics. For such spectrally mixed classes, classification 

accuracies should be improved if the spatial properties of the classes of objects 

could be incorporated into the classification criteria. The idea of the spatial 

threshold is that it uses a polygon boundary to separate the overlapping classes and 

only the pixels falling within the threshold boundary are used for the classification. 
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In that case, the likelihood of the pixels to be correctly classified will significantly 

increase, because the pixels belonging to the class that overlaps with the class to be 

classified using the threshold boundary are temporarily excluded from the decision 

making process. In such a way, the image can be classified several times using 

different threshold boundaries and the results can be merged [44]. 

Table 12. The overall classification accuracy of the classified image 

 Birch Larch Pine Spruce Cedar 

Birch 223 95 0 0 0 

Larch 2 5703 0 8 17 

Pine 0 71 113 4 95 

Spruce 0 33 0 689 80 

Cedar 0 4 11 98 2341 

Overall Accuracy =(9069/9587) 94.59%. 

 

The result of the classification using the refined method is shown in Figure 

14. For the accuracy assessment of the classification result, the overall 

performance has been used, taking the same number of sample points as in the 

multiple bands. The confusion matrix produced for the refined classification 

showed an overall accuracy of94.59% (Table 12). As could be seen from Figure 

14, the result of the classification using the refined MLC method is better than the 

result of the standard method. A general diagram of the refined classification 

technique is shown is Figure 15. 

Update of Forest GIS 

GIS is a computer-based system capable of capturing, storing, analyzing, and 

displaying geographically referenced information – the information attached to a 

location [45]. The most commonly used method of data capturing is the 

digitization, where hard copy maps or survey plans are transferred into digital 

formats through the use of special software programs and spatial-referencing 

capabilities. With the emergence of modern ortho-rectified images acquired from 

both space and air platforms, heads-up digitizing is becoming the main approach 

through which positional data are extracted [46]. Compared to the traditional 

method of tracing, heads-up digitizing involves the tracing of spatial data directly 

on top of the acquired imagery. Thus, due to rapid development in science and 
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technology, primary spatial data acquisition within a GIS is becoming more and 

more sophisticated. 

 

 

Figure 15. A general diagram for the refined classification. 
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(Table 10) 352 and 154 pixels of the same forest classes were misclassified as the 

birch and pine forests. Likewise, 489 pixels of the larch forest of the classified PC 

image have been misclassified as pine forest, whereas 275 pixels of the same class 

were classified as the pine forest. 

As seen from the comparison of the classified images, the overall accuracies 

could be improved by adding some orthogonal features to the original data. In the 

case of the present study, the texture features played a role of the orthogonal 

features and made the selected signatures of classes more separable in a 

multidimensional feature space. 

Table 10. The overall classification accuracy of the classified image 

 Birch Larch Pine Spruce Cedar 

Birch 214 352 1 0 0 

Larch 9 5126 3 19 65 

Pine 1 275 97 17 154 

Spruce 0 116 2 581 130 

Cedar 1 37 21 182 2184 

Overall Accuracy = (8202/9587) 85.55%. 

Table 11. The overall classification accuracy of the classified image 

 Birch Larch Pine Spruce Cedar 

Birch 223 197 0 0 0 

Larch 2 5496 0 15 32 

Pine 0 141 103 9 142 

Spruce 0 68 1 582 151 

Cedar 0 4 20 193 2208 

Overall Accuracy = (8612/9587) 89.83%. 

Classification Result Using Fuzzy Convolution 

In some cases, to increase the reliability of the classification of the initially 

classified images, fuzzy convolutions of different sizes can be applied. The fuzzy 

convolution creates a thematic layer by calculating the total weighted inverse 

distance of all the classes in a determined window of pixels and assigning the 

central pixel the class with the largest total inverse distance summed over the 

entire set of fuzzy classification layers, i.e., classes with a very small distance 

value will remain unchanged while the classes with higher distance values might 

change to a neighboring value if there are a sufficient number of neighboring 

pixels with class values and small corresponding distance values [30]. In this 
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analysis. Over the past few years, RS techniques and technologies, including 

system capabilities have been significantly improved. Meanwhile, the costs for the 

primary RS data sets have drastically decreased [48]. This means that it is possible 

to extract from RS images different types of forest related information in a cost-

effective way and update layers within a GIS. 

 

 

Figure 17. A diagram for update of forest GIS via processing of multisource RS images. 
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In the present study, it was assumed that there is an operational forest GIS that 

stores historical thematic layers and there was a need to update a forest class layer. 

The forest inventory data for the Bogdkhan Mountain was last updated in 1988. 

Therefore, the current layer was created using an existing forest taxonomy map of 

1988 and the ArcGIS system was used for its digitizing. The digitized map is 

shown in Figure 16. As the overall classification accuracy of the classified 

multisource images exceeds 90%, the result can be directly used to update the 

layer of the operational GIS. For this end, a raster thematic map (i.e., classified 

image) extracted from the multisource RS data sets should be converted to a vector 

structure. After error cleaning and editing, the converted from raster to vector layer 

can be topologically structured and stored within the forest GIS. If one compares the 

forest layers created from the forest taxonomy map and classified RS image, could 

see what changes had occurred. A diagram for the update of a forest class layer of a 

GIS via processing of multisource RS images is shown in Figure 17. 

Conclusion 

The overall aimof this chapter was to evaluate the performances of different 

image fusion techniques for the enhancement of spectral and textural variations of 

different forest typesto be used for the training site selection and apply arefined 

classification method for the extraction of forest class informationfrom the 

multisource images in order to update a forest GIS. For the test area, Bogdkhan 

Mountain situated in the central part of Mongolia and one of the world’s oldest 

and officially protected sites, was selected.As the fusion techniques,modified IHS 

transformation, PCA technique, Gram-Schmidt method, color normalization 

spectral sharpening, wavelet-based fusion, and Ehlers method were used. Of these 

methods, the modifiedIHS transformation, PCA, and wavelet-based fusion gave 

better results compared to the other fusion techniques in terms of the spatial and 

spectral separations among different forest types. For the classification of the 

multisource images, the statistical MLC and refined method were used and the 

results were compared. In order to evaluate the classification accuracy of different 

features, the feature combinations were classified using the standard method. 

When the results were compared, the classification of the multiple bands, which 

included the original optical, SAR, and three texture images,gave the superior 

result. The constructed refined classification method used spatial thresholds 

defined from contextual knowledge and multiple features obtained through a 

feature derivation process. As could be seen from the classification results, the 

performance of the refined classification was much better than the performances 
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of the standard method and the output could be directly used to update forest GIS. 

Overall, the research indicated that multisource information can improve the 

interpretation and classification of forest classes and the elaborated refined 

classification method is a powerful tool in the production of a reliable forest map. 
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